We analyze the way French farmers manage production risks, especially the risk of drought. To this end, we assess the role of irrigation in farmers' risk management. Based on FADN accountancy data, we jointly estimate farmers' attitudes to risk and their production decisions. We correct for sample selection bias and endogeneity.
Introduction
It is common knowledge that irrigation water increases agricultural yields. Irrigation is also supposed to decrease the variability of yields, and hence the variability of income. But, empirical evidence of this is rare. One reason is that irrigation comes at a cost: owning irrigation technology is expensive, and this may oset the impact of increases in yields. In addition, crops that require irrigation may react less easily to extreme climatic events, which in turn may increase the variability of yields and income. On the other hand, irrigation may trigger additional benets because it enhances the quality of crops. Vandeveer et al. (1989) showed that irrigation decreased variability of agricultural income in Louisiana, whereas Groom et al. (2008) could not conrm this assumption in their case study in Cyprus.
In this article, we evaluate the role of irrigation in farmers' production processes, taking into account the natural variability of production and the fact that farmers have dierent attitudes towards risk. One central question of this paper is whether irrigation water is a risk-increasing or a risk-decreasing input. To answer this question, we test the marginal impact of irrigation water use on the distribution of agricultural yield and prot (see Groom et al., 2008) . We use an approach in which production and preferences are estimated jointly (see Kumbhakar and Tveteras, 2003) , which avoids making any assumptions about farmers' risk aversion. Because we deal with irrigating and non-irrigating farmers, we adapted this approach to be able to deal with endogeneity and sample selection bias, which is the main novelty of our paper.
Another question related to the role of irrigation water in the production process is whether irrigation is used as a self-insurance tool to tackle drought (Amigues et al., 2006) . Reynaud (2009) studied the way farmers manage drought risks via irrigation and crop diversication. He showed that for French farmers, crop diversication is more ecient than irrigation in tempering possible revenue losses. In this paper, we expect irrigation to be a common drought risk management tool and model the link between adopting irrigation technology and buying a yield insurance.
We base our analysis on the joint estimation of stochastic production parameters and risk preferences. Early literature on stochastic production functions focused on separate estimations of mean production and production risk parameters. Pope (1978, and 1979) proposed breaking down the stochastic production function into a mean and a variance term, which allowed the eects of inputs on the distribution of outputs to either increase or decrease (see also Vandeveer et al., 1989, for an application) . This is one element we take up in this paper. Antle (1983) used an approximation of the distribution of outputs by its moments 1 and introduced the utility function in the estimation of stochastic production functions, stating that the optimal allocation of inputs depends on both the marginal eect of inputs on outputs and the risk attitudes of the decision maker (Antle, 1987 (Antle, , 1988 Antle and Goodger, 1984; Groom et al., 2008; Amadieu and Viviani, 2011) .
Di Falco and Chavas (2006) expanded Just and Pope's mean-variance approach to analyze the role of crop genetic diversity in the protection of pest control and drought management in Sicily. However, these approaches focus on the analysis of the distribution of residuals and are sequential estimations (see Eggert and Tveteras, 2004) . The joint estimation of stochastic production functions and risk attitudes both improves eciency and ensures consistent estimates (see Love and Buccola, 1991; Shankar and Nelson, 1999) , which is the reason we adopted this approach.
More recently, studies turned toward the joint estimation of stochastic production functions and risk attitudes (Antle, 1983; Antle and Goodger, 1984; Buccola, 1991, 1999; Shankar and Nelson, 1999; Zellner et al., 1966) . Love and Buccola used such a joint estimation approach but needed to specify a utility function and to assume a normal distribution of errors. Kumbhakar and Tveteras (2003) proposed joint estimation of preferences and technology in a mean-variance model, without specifying a utility function and without making any assumptions on the distribution of the residuals. They also showed how risk coecients 2 can be derived and how the type of risk attitudes 3 can be tested for. Recent applications 4 include an analysis of European subsidy policies in Finland (see Koundouri et al., 2009) . Some most recent studies heavily criticize the above empirical methods, for dierent reasons. Lence (2009) and Just and Just (2011) for example showed that estimations of the type of risk attitudes in this context are not robust. While Lence (2009) seems to accept estimations of risk coecients in large samples, Just and Just (2011) claim that imposing any arbitrary specication on production risk or production structure undermines the possibility of global identication of risk preferences (see our conclusion for a more detailed discussion).
Our paper is based on the approach of Kumbhakar and Tveteras (2003) but it corrects for sample selection bias and deals with irrigated agriculture. Of course, previous literature has addressed the problem of optimal irrigation water use: for example Groom et al. (2008) analyzed the use of irrigation water and the impact of water quota policies in Cyprus, using Antle's moment based approach. Koundouri et al. (2006) modeled a farmer's decision to adopt new irrigation technologies in Crete, also using the exible moment based approach. However, none of these studies used joint estimation of risk attitudes and production decisions. In addition, none of these studies applies to the situation in France.
The paper is organized as follows. In section (2) we present the dataset. In section (3) we describe the theoretical model, both in general, and including irrigation water use. In section (4) we describe the econometric model: the estimation procedure for correcting sample selection and the procedure for estimating jointly stochastic production and risk preferences. In section (5) we discuss the results, both concerning the choice of irrigation and yield insurance and concerning the role of irrigation in a risky production process. In section (6) we draw some conclusions and outline new research perspectives.
Data
Our analysis is based on farm-level production data from the European Farm Accountancy Data Network (FADN, RICA-Agreste). Farmers are specialized in corn production, as most of their margin comes from cereal production 6 and corn occupies at least 60% of their cultivated area. This allows us to allocate production costs to corn production, according to the assumption of stochastic nonjointness (see Antle, 1983; Antle and Goodger, 1984) . For example, concerning irrigation 5 We use the dataset as a pooled base and not as a panel data. As a consequence, we do not detect individual-specic unobserved eects. 6 Cereal growers corresponding to TF 13 and 14 in FADN.
water, this assumption means that all irrigation water charges apply to corn production. Our sample conrms that 96.75% of all irrigated areas are used for corn. Labor input volume and price were derived from the FADN dataset. The labor price includes salaries for employees and the farmer. Water and fertilizer prices were derived by combining the FADN dataset with the Cropping Practices Survey (CPS) data of 2006 (Enquête sur les pratiques culturales -Agreste). The CPS provides water and fertilizer volumes at the plot level for a sample of corn plots in about 100 geographical zones (French départements ). We computed mean input volumes at the departmental level and considered them to be representative of the department. We determined departmental input prices by dividing FADN input charges by CPS input volumes for each department. We then computed individual input volumes (for water and fertilizer use) based on individual input charges in FADN and the above departmental prices. The Meteo-France SAFRAN dataset provides data on rainfall, evapotranspiration and temperatures at a scale of 8 km 2 for the whole French territory and for the period 2002 to 2007.
Summary statistics for production and the meteorological context are listed in table 1. On average, farmers use 58 ha for corn production, generating a yield of 10.24 t/ha. 68% of the farmers are irrigators, using 1123 m3/ha of water on average, for an input price of 0.07 e/m3. The maximum volume applied is 4714 m3/ha and the minimum 14 m3/ha. CAP payments amount to 462 e/ha, or 26790 e for the average surface area, representing over 55% of total average prots.
We dene water availability as the dierence between rainfall and evapotranspiration at the commune level 7 . This is what meteorologists call ecient rainfall. We use this variable as a proxy for overall water availability. Throughout our analysis, we consider water availability during the irrigation campaign from mid-May to the end of August 8 , including the crucial growth stage of corn and excluding the period after harvest. For the two-year study period, mean rainfall from mid-May to mid-August was relatively low compared to mean evapotranspiration for the same period (cf. table 1). Mean water availability was thus negative, at -143 mm. This means that farmers indeed took their production decisions in the context of water decit, although this is a moderate decit compared to dryer years and climate. Moreover, standard errors of water availability (72 mm) are high, which means that farmers actually did face climatic risks.
Finally, the loss-ratio is dened as the ratio of insurance payments to the insurance premium paid. In the following analysis, we explain the probability to irrigate and the probability of buying yield insurance as a function of dierent variables. We use the loss ratio as an indicator for expected return from insurance. 3 The model 3.1 A model explaining production choices in a risky environment
In this section, we present the model we aim to study. Assuming constant returns to scale with respect to land, the stochastic yield function, Y , is broken down according to Just and Pope (1978; 1979) :
The mean function f depends on the variable inputs X like labour or fertilizer (and irrigation water in the second step). g is the variance function of the yield associated with the random term ε which represents the exogenous shock on production with E(ε) = 0 and V ar(ε) = 1. The per hectar prot of the farmer is given by:
where p is the output price vector (assumed to be risk-free) and r is the input price vector for inputs X. Fixed costs and lump-sum subsidies can be neglected at this stage (see Hennessy, 1998; Just, 2011) as they do not impact input decisions (note that subsidies are reintroduced later to measure the size of prots). The farmer's decision problem, under expected utility maximization is:
The rst order condition with respect to each input x j ∈ X is given by:
The ratio
≡ θ determines risk preferences, independent of inputs, where U is the marginal utility of prot 9 . This ratio is negative for risk averse agents, zero for risk neutral agents and positive for risk lovers. The sign of the derivative ∂g ∂x j indicates whether the input x j is risk-reducing ( Kumbhakar and Tveteras (2003) , it is possible to break down the risk preference function, θ, depending on the Arrow-Pratt measure of absolute risk aversion AR, the variance of prots σ 2 π , the skewness of the distribution of and the measure for the downside risk aversion DR. Once a parametric form of AR is assumed, it is possible to derive DR 10 .
A model including irrigation
Let x w ∈ X be irrigation water used and x j ∈ X variable inputs other than irrigation water (i.e. labour and fertilizer) 11 . Depending on whether the farmer irrigates or not, yield is given by:
Thus one faces a problem of sample selection with respect to irrigation water. The rst order condition with respect to x w is now given by:
if x w > 0. If x w = 0, this expression is negative. For the irrigation water input, x w , this arbitrage condition states that the farmer irrigates as long as the marginal product of irrigation water equals its cost-price ratio net of the cost of risk. The cost of risk describes the additional exposure to risk that the farmer faces when using one further unit of irrigation water, according to his risk preferences. For example, when the farmer is risk averse, i.e. θ < 0 and irrigation increases risk ∂g ∂x j > 0, there is an additional cost of using more irrigation water. When the farmer is risk averse and irrigation decreases risk ∂g ∂x j < 0, there is an additional gain in irrigating. Likewise, when the farmer is a risk taker, i.e. θ > 0 and irrigation reduces (increases) risk, there is an additional cost (gain) of increasing irrigation. 4 The estimation procedure
The rst step probit model
In order to correct for endogeneity and censoring in water input choice, we estimate the probability of irrigating for each individual (i = 1, ..., N ), we compute the inverse Mill's ratio for irrigating farmers (i = 1, ..., N 1 , with N 1 ⊂ N ) and we use this ratio as a regressor in the yield function.
More precisely, we use a system of simultaneous equations with a recursive structure (see Maddala, 1983) . The probability to irrigate, P rob(x * iw > 0|x ij , Z i , D, z i ), is explained by a set of exogenous variables (Z i and D) and one endogeneous dichotomic variable, z i 12 . The model reads thus as follows:
11 It should be noted that the decision to use irrigation water is dierent from the decision to adopt a new irrigation technology. For the yield function, we assume irrigation equipment and technology exist.
12 Zi is a set of individual variables, D is a set of climatic data, zi is measured by the premium paid for yield insurance.
where x * wi and z * i are the latent variables associated to irrigation and insurance respectively. (ε w , ε z ) is the vector of bivariate normally distributed disturbances with the restrictions V ar(ε wi ) = V ar(ε zi ) = 1.
We then compute the inverse Mill's ratioM σ u = φ() Φ() σ u , where φ and Φ are respectively the normal density and the cumulative distribution function of P rob(x * iw > 0|x ij , Z i , D, z i ) and σ u is the correlation between unexplained yield and the latent variable of irrigation. This corrects for endogeneity and sample selection bias in the following joint estimation model (see equation 9).
The second step system of equations
The system we consider consists of 4 equations, the yield function and the FOCs for the three inputs, k = w, f, l. The yield function is given by:
The functional forms are chosen as follows: the mean function is quadratic:
while the risk function takes a Cobb-Douglas form:
The FOCs for the three inputs, k = w, f, l, are:
The risk attitude is determined for each individual in the sample 13 and is dened by the following equation:
We assume that AR takes a quadratic form as a function of mean prots, µ π :
13 The index i has been dropped for clarity of reading.
while DR can be derived from AR as follows:
The quadratic form of AR and its dependence on mean prots only are strong assumptions, which we discuss in the conclusion. The expected`prot' is computed by multiplying estimated mean yields, f (.), by output prices, p, subtracting input costs for all three inputs (fertilizer, labor, water) and adding decoupled CAP subsidies, s:
for k = w, f, l. Finally, the variance of expected prots is based on the value of the risk function, g(.): σ
We use full information maximum likelihood estimation (FIML), an approach to the estimation of simultaneous equations. One potential inconvenient of FIML estimation is that it assumes normally distributed residuals, assumption which is not needed by single equation methods, such as GMM. However, as shown in the literature, FIML is superior to single equation limited information methods, even if the model is severely misspecied and the measurement errors are non-normally distributed (see for example Fuhrer et al., 1995) . Another advantage of FIML estimation is that it allows us not to instrument for endogenous inputs, for which we would need additional instrumental variables.
Results

A simultaneous probit model of irrigation and insurance choice
We now turn to the interpretation of the probit estimation in table 2. Let us rst consider the coecients linked to irrigation choice. Farmers are sensitive to past mean and variance of climate. The higher the previous year's water availability, the lower the probability the farmer will adopt irrigation technology. The higher the variance of water availability, the greater the probability the farmer will use irrigation. Farmers are not sensitive to the skewness of water availability when it comes to the choice of irrigation. But they are sensitive to the variance of income generated in the past: the more variable their income in the past, the greater the probability farmers will adopt irrigation technology. Irrigation is thus used as a tool to smooth farmers' income. This is in line with previous results in the literature (see Vandeveer et al., 1989; Koundouri et al., 2009 ). Next, CAP subsidies have a positive impact on irrigation choice. In France, since 2006, CAP payments have been decoupled from production and, in addition, specic subsidies for irrigated land have been stopped. However, there is a memory eect as farmers who irrigated in the past continue to receive higher average CAP payments. Water price has Note: Results obtained with stata * * * , * * and * denote signicance at 1, 5 and 10 per cent level respectively. a signicant negative eect on irrigation choice: the more expensive the irrigation water, the lower the probability of becoming an irrigating farmer. Conversely, the price of labor input decreases the probability to irrigate (at the 10% level of signicance.) This can be explained by the labor-intensity of irrigating agriculture. Secondary education increases the probability of becoming an irrigator (at the 10% level of signicance). There is also a gender eect that is signicant at the 5% level. Finally, there is a direct and signicant link between having yield insurance and adopting irrigation. Having opted for yield insurance signicantly decreases the probability of adopting irrigation. This may indicate that yield insurance and irrigation could be substitutes. In that sense, irrigation can be considered as being a self-insurance tool.
The decision to buy yield insurance is sensitive to the previous year's water availability. The higher the water availability, the lower the probability of the farmer buying yield insurance. The higher the variance of water availability, the higher the probability of the farmer buying yield insurance 14 . With a higher educational level (compared to primary education), the probability of buying yield insurance is increased, both for secondary and higher education. Higher education favors the knowledge of risk management instruments such as yield insurance. On the other hand, the older the farmer, the lower his propensity to insure. There is also a gender eect: male farmers are more likely to buy insurance. Finally, the loss ratio in 2005 has a signicant positive eect on buying yield insurance: the higher the previous year's loss ratio, the higher the probability of farmers buying yield insurance. This result is in line with results reported in the literature (see for example Garrido and Zilberman, 2008; Goodwin et al., 2004) . Higher loss ratios indicate that the investment in insurance is protable, which explains this result.
The main conclusion of this simultaneous probit estimation is that irrigation choice is sensitive to the variability of both climatic and economic variables. It is also sensitive to the presence of subsidy payments and yield insurance. This suggests that farmers may adopt irrigation to reduce their production risk. We took these factors into account in the following estimation step where we focus on the volume of irrigation water that is used in the production process. Table 3 shows the results of the joint estimation of production and risk preference parameters. All linear and squared terms of the mean yield function have signicant coecients at the 5% level. For labor input, the direct marginal eect is positive and the squared term is negative. This suggests that there are decreasing returns to scale for the use of labor. For water and fertilizer, the direct marginal eect is negative and the squared term is positive. This suggests increasing returns to scale. All crossed eects are positive which means that inputs are complementary. All three inputs have a signicant positive impact on the variance of yields (as indicated by the coecients of the risk function), at conventional statistical condence levels. Using more water volumes thus increases the variability of yields. This is in line with Just and Pope (1979) , who found that fertilizers increased mean yield but also signicantly increased the variance of yield. Table 3 also shows the estimated coecient associated with the inverse Mill's ratio, which is signicant. This means that the correction for the sample selection bias was necessary. Finally, table 3 lists the parameters of the risk function, which are all signicant, and were used to compute the Arrow-Pratt risk aversion coecient. Table 4 indicates mean and variance of estimated prots, including CAP subsidies. The expected prot of our population is equal to 918.7 euros/ha (compared to 1020 euros/ha when computed with observed yields). Table 4 also indicates the elasticity of inputs: the elasticity of input x on the mean part of the yield function, f , is given by : ξ x ≡ ∂f ∂x x f . We computed elasticities for each individual farm, and then we computed mean and standard deviation of the sample. On average, all inputs have a positive marginal impact on mean yield. A 1% increase in irrigation water increases mean yields by 0.05% on average. Likewise, a 1% increase in fertilizer (labor) increases the mean yields by 0.15% (0.65%) on average. Finally, table 4 shows the risk preferences that can be derived from the above estimation results. We can see that θ is negative (-0.02) which means that irrigating farmers are risk averse. The mean Arrow-Pratt (AR) coecient is positive, which indicates risk aversion, but close to zero (AR=0.006) which means that risk preferences are quite close to risk neutrality. It is interesting to plot the individual AR points as a function of expected prots (see gure 2). We can see that most corn growers display a very slight risk aversion, except for those who generate either very high prots (µ π > 2600) or very low prots (µ π < 200), these farmers being risk lovers. The downside-risk coecient is negative, which means that farmers are averse to extreme proles of the prot function, especially to big losses. Finally, we can also interpret the relative risk premium, RRP, which represents the percentage of wealth that the farmer is willing to pay to avoid taking additional risks. In our case, the average farmer is willing to pay 0.01% of his mean prot, i.e. 0.09 e. This may conrm that preferences are close to risk neutrality. In contrast to earlier studies, and following Lence (2009) and Just and Just (2011) , we do not interpret the agent's type of risk aversion, i.e. whether they exhibit increasing, decreasing or constant risk aversion, because it cannot be robustly derived from this type of model.
Joint estimation of production and risk preference parameters
Most previous studies in the literature reported risk aversion. However, there is only one study that considers irrigating farmers: Groom et al. (2008) found a mean Arrow-Pratt coecient of 0.34 for cereal growers and 0.072 for vegetable growers in Cyprus. Reynaud (2009) suggests using Arrow-Pratt coecients between −2 and +2 for irrigating cereal opposite sign. For example, for fertilizer use, 10% of the sample has a negative elasticity. growers, but without performing any estimation. Our Arrow-Pratt values are very low, indicating a very small risk aversion, but they are within this proposed range of results. We may explain the small risk aversion by the fact that we consider CAP subsidies as one element of farmers' revenues. CAP earnings constitute a stable part of earnings and tend to decrease risk aversion, as also shown in Koundouri et al. (2009) . CAP subsidies account for over 50% of total expected prots in our sample.
Finally, we can compare the distribution of prots for irrigating and non-irrigating farmers, both in the initial dataset (with y as yield) and in our estimated dataset (with f (.) as yield). Figure 3 shows the distribution of prots in the observed dataset. We can see that non-irrigating farmers have a lower mean and a higher variance than irrigating farmers. They also have a negative skewness whereas the distribution for irrigating farmers is right-skewed: irrigating farmers make fewer big losses. This prole was conrmed after our joint estimation procedure: irrigating farmers' prots (µ) are higher than those of non-irrigating farmers, variance is smaller and skewness is less negative, as shown in gure 4). Thus, we show that irrigation decreases the variance of prots 16 .
Concluding remarks
In this paper, we studied the role of farmers' input decisions in the management of production risk and focused on the role of irrigation as a possible self-insurance tool. We found that a farmer's decision whether to irrigate (or not) depends on his decision to purchase yield insurance (or not). Yield insurance decreases the probability of adopting irrigation. The introduction of a yield insurance policy, such as the one set up in France in 2005, may thus lead to a reduction in the overall use of agricultural water, which might be an interesting side-eect for policy making. We also analyzed the impact of irrigation water use in the production process of irrigating farmers. As expected, we conrm that irrigation increases mean yields and prots. But using more volumes of irrigation water when already being an irrigator increases the variance of yields (at least for risk-averse farmers). The insurance dimension of irrigation is thus restricted. This result may be due to the fact that in 2006 and 2007 the need for water was not very large in the French agricultural sector, compared to the four previous years. It would be interesting to replicate this study in a country with dryer climate where variability of yield should be greater.
Finally, when it comes to the impact of irrigation on prots, we showed that irrigating farmers have higher means, lower variances and less negative skewness than non-irrigating farmers. This result may be explained by the fact that irrigation increases the quality of production and opens new markets, at higher prices. It appears thus that it is worth investing in irrigation technology because this improves the overall prole of the prot distributions.
We are aware that the most recent literature sheds serious doubts on the validity of the methodology adopted in this paper for estimating risk attitudes (see Lence, 2009; Just, 2008; Just and Just, 2011; Just and Peterson, 2010) . In particular, Just and Just (2011) showed that`many specications of risk preferences paired with particular specications of [...] production risk, or production structure t behavioral equations with a given revealed preference dataset equally well, regardless of the number of observations'. They conclude that global identication of risk preferences and risk from the estimation of behavioral equations alone is impossible. Just (2008) concludes that the above approach is therefore insucient for normative policy analysis. In our case, and following the previous literature, we have assumed the AR function to be quadratic. The results we report are only valid under this assumption. We cannot exclude that other results are possible for other specications. But as pointed out by Just and Just (2011) , the joint estimation method cannot overcome the problem of misspecication as misspecication tests are invalidated. Hence, we cannot give normative policy advice. We also restrain the AR function to depend on mean prots only, which is again a strong assumption, because risk preferences may also depend on other drivers (see Just, 2011) . Finally, Just and Peterson (2010) argue that such estimation problems in many empirical applications may stem from the wrong assumption of expected utility theory (EUT). They show this for the joint estimation method proposed by Love and Buccola (1991) . Our paper is clearly embedded in the framework of EUT, assuming maximization of expected utility to be a good benchmark behaviour for a representative farmer.
In further work, it would be interesting to compare the above approach with the upcoming estimation methods for risk and preferences, including those considering non-expected utility theory. Concerning our specic topic, it would be interesting to gain more insight into the possible complementarities of irrigation and other insurance tools. The issue of complementarity is only very imperfectly addressed by our model. We could also analyze a broader population, for example less specialized producers. This means that the non-jointness assumption would no longer hold and would imply the need for dierent assumptions on the distribution of production costs and the interactions between dierent types of production. Finally, another interesting point would be to try to integrate skewness into an estimation framework of risk preferences and production decisions. This implies re-thinking the way the risk-aversion coecient is computed and constitutes another possible line of future research. meteorological data. We also thank the members of the French Agricultural Ministry, the INSEE and Meteo France, for providing the dataset.
